Batesian mimicry, with its highly colorful species and astonishing mimic-model resemblance, 9 is a canonical example of evolution by natural selection. However, Batesian mimicry could also 10 occur in inconspicuous species and rely on subtle resemblance. Although potentially 11 widespread, such instances have been rarely investigated, such that the real frequency of 12 Batesian mimicry has remained largely unknown. To fill this gap, we developed a new 13 approach using deep learning to quantify the resemblance between putative mimics and 14 models from photographs. We applied this method to quantify the frequency of Batesian 15 mimicry in Western Palearctic snakes. Potential mimics were revealed by an excess of 16 resemblance with sympatric venomous snakes compared to random expectations. We found 17 that 8% of the non-venomous species were potential mimics, among which all were imperfect 18 mimics. This study is the first to quantify the frequency of Batesian mimicry in a whole 19 community of vertebrates, and shows that even concealed species can be reliably identified 20 as potential models. Our approach should prove useful to detect mimicry in other communities, 21 and more generally it highlights the benefits of deep learning for quantitative studies of 22 phenotypic resemblance. 23 2
Introduction
Batesian mimicry occurs when palatable or harmless species resemble an unprofitable (e.g. 25 unpalatable or dangerous) model species, adopting some of its characteristics, and 26 consequently gaining protection from predators (Bates 1862). Mimicry is a canonical example 27 of evolution through natural selection; it was already discussed by Darwin with Wallace 28 (Darwin 1887) and still constitutes a proliferous field of research in ecology and evolution 29 (Sherratt 2002; Nishikawa et al. 2015; Joshi et al. 2017; Bosque et al. 2018 ). Nevertheless, 30 some fundamental aspects of this defensive strategy remain poorly known, notably its 31 frequency in plants and animals, mainly because detecting mimicry is no simple matter. 32 Historically, research on Batesian mimicry has long been confined to a few spectacular 33 cases, like hoverflies (Penney et al. 2012 ), butterflies (Kitamura and Imafuku 2015) or 34 kingsnakes (Brodie and Janzen 1995), which possess conspicuous colors and show a 35 resemblance between models and mimics so striking that it cannot be fortuitous. This 36 perfection itself is a double-edged sword. It served as an evidence of the Darwinian evolution, 37 but it also provided a distorted picture of what mimicry can be. Indeed, neither 38 conspicuousness nor high resemblance is a necessary condition for Batesian mimicry. Actually, 39 even when their overall appearance is inconspicuous or camouflaged, venomous species may 40 eventually be spotted by predators, which can recognize species using cues that have not Focusing on these classic cases is likely to bias our perception of mimicry, 48 making us underestimate its frequency. 49 If we want to fully understand the role of mimicry in shaping phenotypic evolution in 50 natural communities, we need to go beyond the few exceptionally perfect cases to expose 51 common and imperfect products of natural selection. The detection of mimicry within a 52 community requires a quantification of the resemblance between species. In mimicry studies, 53 two main categories of methods have been traditionally used to estimate resemblance. The humans showed that DNN's measure of resemblance between complex stimuli (e.g., pictures 70 of a crowd) predict the human averaged perceived resemblance better than any previous 71 4 models (Zhang et al. 2018 (Turk 1958; Heatwole and Davison 1976; Werner 1983) . However the zigzag dorsal patterns 87 of vipers has been shown to elicit avoidance in bird predators (Valkonen et al. 2011b ) in 88 addition to providing camouflage (Santos et al. 2014 ). In spite of these case studies, no 89 attempt has been made to evaluate the extent of mimicry in the Western Palearctic snake 90 assemblage. Western Palearctic snakes thus appear as a good model to measure the 91 frequency of mimicry in situations more complicated than most classic examples described in 92 the literature. Here we incorporated DNN into a workflow to identify potential mimics among 93 all 122 snake species known in the Western Palearctic at the time of the study. To identify candidate mimics, we developed a method that quantifies the visual 95 resemblance between candidate mimics (in our example, the non-venomous Western 96 Palearctic snakes) and candidate models (venomous Western Palearctic snakes). We (i) 97 trained DNNs to recognize the candidate (venomous) models before (ii) using the DNNs to 98 assess the resemblance between candidate mimic (non-venomous) and candidate models. To 99 identify candidate mimics, we (iii) combined the information on resemblance with information 100 on distribution to detect non-venomous species that exhibit more phenotypic resemblance to 101 one or several models that live in sympatry than expected by chance. We found that 8% of the 102 non-venomous species were candidate mimics, among which almost all were imperfect 103 mimics to a human eye. A global test of the hypothesis that mimicry affected the evolution of 104 phenotype in the Western Palearctic snake assemblage was highly significant. We discuss this (1) Image datasets 115 We created two image datasets, one for the non-venomous snakes (838 images; mean = 9.6 116 images per species) and one for the venomous snakes (1802 images; mean = 50.0 per 117 species; details in Table S1), with more images than average for the venomous species (2) Geographic distribution dataset 137 We constructed distribution ranges from three types of data: (1) Snake images were squared (by cropping around snakes) and downsized to 299 x 299 pixels. 198 The venomous snake dataset was split into two: 90% of images were used for training and 199 10% for validation (i.e., to monitor performances while tuning training hyperparameters). We with Nadam ( Figure S3 ). 226 We estimated the classification probabilities of each non-venomous snake image with snake images, 20 belonged to venomous snakes, 20 to non-venomous candidate mimic snakes 238 and 20 to non-venomous non-candidate mimic snakes. 239 We used the 3x15 trained networks to predict the resemblance scores for the 60 240 images with a replaced background. We used non-parametric Multivariate Analysis Of The ability to detect imperfect and non-conspicuous mimicry makes our method less 353 conservative compared to methods entirely based on human detection, for evaluating the 354 frequency of mimicry. Even so, we may have failed to identify potential mimic-model pairs. 355 First, the 5 th percentile threshold in the null distribution used to interpret resemblance scores 356 is entirely conventional and may overlook some mimicry systems. We found two species 357 16 below but close to the 5 th percentile threshold. The first species, Dolichophis jugularis, displays 358 the same black coloration as its sympatric species Walterinnesia morgani, but it has a different 359 timing of activity (one is diurnal while the other is nocturnal) and is thus probably not a mimic. 360 The second species, Rhagerhis moilensis, resembles the sympatric Cerastes cerastes in 361 coloration but has a different size and shape (Geniez 2015 drastically limiting all variation (by standardization) would make the dataset un-natural. 433 Standardized images would be nevertheless useful in other contexts, e.g. to determine which 434 visual features contribute the most to deceive predators. 435 To conclude, Artificial Intelligence, here represented by DNNs, has a great potential for 436 the study of mimicry. We used it to detect candidate Batesian mimics and models among all 437 Western Palearctic snakes. We found that Batesian mimicry is a likely defensive strategy for 438 8% of non-venomous snakes. Although there is still room for methodological improvement, 439 DNNs already allow to measure resemblance while accounting for the high dimensionality of 440 visual phenotypes, simultaneously accounting for colors, texture, patterns and proportions, 441 and without requiring standardized data that may be difficult to collect for many species. 442 Through their ability to detect imperfect and non-conspicuous mimicry, DNNs further avoids 443 the bias of many mimicry studies towards colorful and spectacularly resembling species. 444 Finally, beyond mimicry, the ability to handle complex visual patterns makes DNNs highly 445 promising tools for modeling resemblance in general, with broad perspectives of applications 446 in evolution and ecology. 
